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Introduction

Details of simulation

Results and observations

Highlights 1. Model the development of criticality using both excitatory and inhibitory long-term spike-timing dependent plasticity (STDP)
2. Control inhibitory connectivity with a novel additive approach based on connection distance and density
3. Distance and density of inhibitory connectivity show different effects on the development of criticality
4. Excitatory-inhibitory balance is important to support criticality

Criticality of neural circuits is beneficial
for information processing.

1. Optimal computational capacities
2. Optimal transmission
3. High information storage capacity
4. High sensitivity to stimuli

Neuron model
・100 leaky integrate-and-fire neurons randomly 

distributed on a dish 4 mm in diameter (Fig. 3)
・80 excitatory (cell ID=0~79), 

20 inhibitory neurons (cell ID=80~99)
・stochastic firing driven by gaussian noise

Fig. 9 Final ∆𝑝 dependence in 𝑟!"# and 𝑝!"#
Display mean ∆𝑝 values from 13 h to 15 h (magenta bar in Fig. 8) 
averaged among 10 prototypes.

Fig.2: Development of criticality in neural cell culture

∆𝑝 > 0 : supercritical
∆𝑝 ≈ 0 : critical 
∆𝑝 < 0 : subcritical

・10 network prototypes with different cell positions and 
excitatory connectivity (𝑟$%& = 1.3, 𝑝$%& = 0.6)

・For each prototype, inhibitory connections were varied 
by changing 𝑟!"# and 𝑝!"# (5 X 5 = 25 conditions in     
Fig. 5, 10 X 25 = 250 networks in total)

・Inhibitory connectivity changed in additive manner
(described in Fig. 5 legend) for aligning conditions

・Simulate development of each network until it    
converged to a steady state (15 hours in simulation time)

• Transient supercritical state → critical state
• How can this developmental trace be implemented 

in a neural network on a dish?
• How does excitatory-inhibitory balance affect criticality?

𝑃 𝑠 ∶ probability of size 𝑠 avalanche
power-law fit of 𝑃 𝑠 :  𝑓 𝑠 = 𝑎 𝑠'(
∆𝒑: the difference between real distribution and 
power-law fitting

∆𝑝 = Mean(log 𝑃 𝑠 − log(𝑎 𝑠'())

Adapted from Tetzlaff, C., et al., 2010, PLOS Comp

Fig. 1: ∆𝑝 measure for three states near criticality

Tetzlaff, C., et al., 2010, PLOS Comp
Masumori, A., et al., 2018, 
ALIFE 2018

Control the number of connections with 𝑟 and 𝑝

Fig. 6 Raster plots (for 20 s) of 25 conditions at the late stage (14 h)

𝑟:  maximum connection distance
𝑝: probability of making a synapse

Synapse model
・conduction delay (0.15 m/s)
・all weights were initially 0
・short-term depression
・long-term STDP 
(excitatory and inhibitory, Fig. 4)

E-STDP I-STDP

Fig. 3 Neurons on a dish. Connections of
a single neuron are displayed as arrows.

Fig. 4 Excitatory (left) and inhibitory (right)
spike-timing dependent plasticity curves

The simulation was
implemented in Brian2
(Stimberg, M., et al, 2019, Elife).

Fig. 5 Weight matrices with different 𝑟!"#
and 𝑝!"# generated from one prototype.
For two networks, 𝑊) and 𝑊*, 
if 𝑟!"#) ≤ 𝑟!"#* and 𝑝!"#) ≤ 𝑝!"#* ,
𝑾𝟐 includes 𝑾𝟏. 

Change the strength of inhibitory connectivity

With stronger inhibition (larger 𝑟!"# and 𝑝!"#, toward the upper right corner in Fig. 6),
raster plots became sparser and more random.  

Fig. 8 Time courses of ∆𝑝 (Fig. 1) in 25 conditions.
Magenta bars represent last two hours (13 - 15 h).Fig. 7 Developmental change of the avalanche 

size distribution (𝑟!"# = 0.5, 𝑝!"# = 1).
The spiking pattern was initially sporadic 
(t = 0.5 h, top). At t = 4.5 h, the avalanche plot 
showed a bump (middle). Finally, the distribution 
was on the power law fitting (bottom).

bump

• Some networks exhibited ∆𝑝 dynamics 
similar to real culture (Fig. 2 in Introduction) 
subcritical → supercritical → critical (Fig. 7)

• ∆𝑝 values at the late steady phase were 
different among 25 conditions (Fig. 8).

• Transition of states in 𝒓𝒊𝒏𝒉 - 𝒑𝒊𝒏𝒉 plane
supercritical (∆𝑝 > 0, left bottom) → subcritical (∆𝑝 < 0, right top)

• Fig. 9 was not symmetrical.
→ Conditions of distance 𝒓𝒊𝒏𝒉 and density 𝒑𝒊𝒏𝒉
may affect the critical state in different ways.

supercritical

subcritical

Fig. 10 Scatter plot of average excitatory 
and inhibitory degrees in the steady phase 
(13 -15 h). 
Only connections with strong weights ( > 0.5) 
were counted for defining the degree. 
All 250 networks were displayed. 
Colors of points represent average ∆𝑝 values in 
13 – 15 h (blue: subcritical, red: supercritical).

Extract points
near criticality
( ∆𝑝 < 0.1 )

supercritical

subcritical

Fig. 11 Scatter plot of excitatory and inhibitory 
degrees at critical states (points satisfying ∆𝑝 < 0.1 ). 
Yellow line: linear regression.
Correlation coefficient r = 0.64, p-value = 3 × 10$%

• ∆𝑝 values in steady states were clearly
separated in the scatter plot of excitatory 
and inhibitory degrees (Fig. 10).

• Among the networks around critical state,
excitatory and inhibitory degrees were 
significantly correlated (Fig. 11).

→ Excitatory-inhibitory balance is important 
for the critical state.


